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Abstract

In typical Data Grids large amountsof replicateddata
are stored all over the globe in different storage systems
with accesslatenciesrangingfrom secondsto hours. The
task of a replica managementsystemis not only to keep
track of the replicasbut also to selectthosereplicasthat
can be accessedby an application program with a mini-
mal responseor transfertime. Most wide-areareplication
research focuseson network-basedreplicaselection.How-
ever, our pastexperiencewith Data Grids hasshownthat
oftenhierarchical storage systemsare the main bottleneck
rather than networklinks. This is dueto the fact that ac-
cesslatenciesof hierarchical storage systemscanbeof the
order of secondsup to hours in casethedata resideson a
tapethat is notmountedyet.

In this paperwe give an overview of our replica man-
agementframeworkcalledReptoranda storagesystemcost
estimatorthat is used.Furthermore, wegivedetailson ac-
cessestimationof �le replicasthat resideon hierarchical
storagesystems.Theresultsshowthat theaccessestimates
provide a goodbasisfor a replica managementsystemto
performef�cient replicaselection.

1 Intr oduction

Certain scienti�c application domainssuch as High-
Energy Physicsor Earth Observation [9] are expectedto
produceseveral Petabytesof data that are analyzedand
evaluatedby scientistsall overtheglobe.In orderto achieve
high levels of availability and fault tolerance,as well as
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project“CrossGrid”andby thePolishCommitteefor Scienti�c Research
(KBN) 112/E-356/SPB/5.PRUE/DZ 224/2002-2004project. AGH grant
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minimal accesstimes for theselarge data volumes,data
replicationis appliedvery frequently. SeveralGrid projects
haveimplementeddatareplicationsystemsthathandleparts
of therequirements.

Datais mostlystoredondisksandmassstoragesystems
with differentaccesslatencies. What is more, thesestor-
agesystemsareconnectedvia networks with differentef-
fective bandwidththatshow differentpeaksthroughoutthe
day. Without speci�c monitoringtoolsof variousGrid re-
sources,it is dif�cult to predicttheaccesstime of datain-
tensive jobs in sucha heterogeneousenvironment. For in-
stance,accesslatenciesof massstoragesystemscanbe of
theorderof secondsup to hoursin casethedataresideson
a tapethatis notmountedyet.

Within the EuropeanDataGridproject [9] we designed
and developed a replica managementframework called
Reptor[12] which providesboth network andstorageac-
cessestimationfor distributedreplicas. This performance
informationcanbeusedby a Grid schedulerto submitjobs
to thebestavailableGrid resources.In addition,oursystem
allows for optimal cost-basedreplicaselectionduring the
run time of a job.

In this paperwe discussone implementationof a stor-
ageaccessestimatorthatwedevelopedwithin theEuropean
CrossGridproject[4]. Wedetailthereplicaselectionmodel
and the storageaccesscost parametersfor estimatingthe
accesslatenciesof �le replicasthat resideon hierarchical
storagesystemsdistributedall over theglobe.

We thusmakeseveralimportantcontributions:

� Firstly, we show theeffectivenessof replicaselection
basedon storagecost estimation. The resultsshow
that theaccessestimatesprovide a goodbasisfor the
ReplicaManagerto performef�cient replicaselection.

� Secondly, we demonstrateinteroperability between
two majorEuropeanGrid projectsusingstandardized
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programmingtechniquesbasedon web servicetech-
nology.

Thepaperis organizedasfollows. In Section2 we pro-
vide an overview of the cost model that is usedfor the
replicaselectionprocess.Emphasisis put on thecostesti-
mationsfor hierarchicalstoragesystems.Section3 outlines
architecturaldetailsof the replicamanagementframework
(includingthereplicaselectionprocess)andthecostestima-
tor basedon a componentexpert system. Implementation
detailsandinteroperabilityissuesarediscussedin Section
4. Experimentalresultsareshown in Section5. After some
relatedwork in Section6, we concludethepaperandpro-
videsomeinsightinto futurework.

2 Model for CostEstimation

Accessestimationfor distributedandreplicated�les in a
DataGrid requiresa speci�c modelthat we describehere.
This modelis thenusedby thereplicamanagementsystem
to selectreplicasas well as by the estimatorcomponents
thatprovidethenecessaryinformationon �le accesscosts.

2.1 A General Cost Mo del

For theaccesscostmodelwe assumethatdata�les are
partiallyreplicatedto severalsites(hostingdatastores)con-
nectedvia wide-areanetworks.In suchanenvironmentend-
usersusuallywant to accessoneof the replicasasquickly
aspossible,regardlessof thereplicalocation.As discussed
in [12], it is up to thereplicamanagementsoftwaresystem
to selectthe “best” �le that hasthe minimal accesscosts.
Basedonpreviouswork [18], wede�ne replicaselectionas
follows:

Replica selectionis the processof selectinga single
“best” replica from a set of identical replicaswherebest
meansthat the responsetime for accessinga �le locally is
minimal. If replicasareonly availableat remotesites,the
accesstimealsoincludesthedatatransfertime from there-
moteto thelocal site.

We alsoassumethata �le shouldbeaccessedlocally at
agivensiteandthuswewantto minimizethetransfercosts
from aremotesiteto agivensite. In [18] we identi�ed two
mainperformanceparameters:network andstoragesystem
costs.We cannow de�ne optimal replicaselectasthefol-
lowing minimizationproblem:

min (f il e tr ansf eri (site local ; site r emote i )) (1)

wherethe�le transferis de�ned asfollows:

f il e tr ansf eri = accesscostnetw or k + accesscoststor age

(2)

In thispaper, weonly concentrateon thestoragecostes-
timation.Note,for simplicity we assumethatGrid applica-
tionsrequestonly single�les andleavethecaseof multiple
�le requestsfor futurework.

2.2 Access costs for HSM systems

In the following section,we outline thecostestimation
for dataservers,in particularfor HierarchicalStorageMan-
agers(HSM). Thus,we extendEquation2 andgive details
abouttheaccesscostof storage.

Theaccesscostfor HSM systemsdependsonmany fac-
tors,like currentloadof theHSM system,numberof avail-
able drives and their types, localizationof the data (disk
cache,MOD, tape)andthe datacompressionrate. We as-
sumethattheaccesscost,accesscoststor age, is de�ned by
thestart-uplatency time,time latency , andthetransfertime,
time tr ansf er , of the HSM systemitself. The latter is de-
�ned asthetime for makingdatalocally availableandit is
neededfor servingdatato theGrid environment. The net-
work latency is not part of the accesscost estimationfor
HSM.

Generally, time latency for HSM canbebroken into the
following elements:

� tw – waiting time: de�nes the waiting time for nec-
essaryresourcesto becomeidle. Theseresourcescan
be a tapedrive, the tapeitself or the robot arm. The
waiting time dependson the previous requestsin the
queue.

� tu – unmounting time: time to unmounta tapein or-
derto freeadrive for thecurrentrequest.

� tm – mounting time: thetime to mounta tapeinto a
drive andget it ready. It dependson therobotandthe
driveperformance.

� tp – positioning time: thetimeof positioningfrom the
currentblockto the�rst block(referencedasadestina-
tion block)of the�le ona tape.It dependson thetype
of media,thecurrentanddestinationblocknumbers.

� t t – media transfer time from removable medium
(tapeor plateif themediumis anopticaldisk) to disk
cache.It dependson thedrive transferrateandthe�le
size.

� td – disk cache start-up latency. This is the la-
tency experiencedby theclient whenthe �le is in the
disk cache. The client is assumedto be local, so the
network latency is 0 seconds.It mainly dependson
the hardwareparametersof the harddisk drive (seek
times).
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For particularcasessomevaluescanbeequalto 0. Those
concern�les locatedalreadyin the caches,for which all
timesexcepttd areequalto zero. The accesstime is also
zerowhenthetapeis mountedandidle, tw = tm = 0.

time tr ansf er dependson the HSM disk cachetransfer
rate(tr ansf err atecache , the�le size(sizef ile ) andtheac-
cessmethod(NFSor FTP).

The �nal formula dependson HSM type and for the
Legato DiskXtenderHSM system,for which we imple-
mentedtheaccesscostestimationfunction,is asfollows:

accesscoststor age = time latency + time tr ansf er (3)

where:

time latency = tw + tu + tm + tp + t t + td (4)

and

time tr ansf er = sizef ile =tr ansf er ratecache (5)

3 Ar chitecture

In thefollowing sectionwebrie�y describethearchitec-
tureof theentirereplicamanagementframework thatcon-
tainsa replicaoptimizationservice(from EDG) aswell as
theHSM estimator(from CrossGrid).

3.1 Replica Managemen t System

In EDG,wehavedesignedanddevelopedareplicaman-
agementsystemthattakescareof replicating�les between
several storagelocations, locating replicasand selection
“best” replicasasdiscussedin Section2.1. Theentiresys-
temusesseveralexternalservicesandis brie�y depictedin
Figure1.

We donot go into thedesigndetailsandreferthereader
to [12]. Herewe only concentrateon the componentsand
servicesthatarenecessaryfor thereplicaselectionprocess.
It is importantto pointoutthatFigure1 representstheuser's
point of view and thusall interactionwith serviceslike a
ReplicaOptimizationServiceis donevia the replicaman-
agementserviceinterface.

For thediscussionin this paper, oneonly needsto con-
siderthefollowing modulesandcomponents:

� TheCore moduleco-ordinatesthemain functionality
of the replica managementsystem,which is replica
creation,deletion,andcatalogingby interactingwith
third party modules.Theseexternalmodulesinclude
transportservices,replicalocationservices,meta-data
servicesfor storingreplicationmeta-datasuchas�le
meta-data(size, checksum,etc), managementmeta-
data,and securitymeta-data(suchas accesscontrol
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Figure 1. Main Components of the Replica
Management System. Shaded components
represented components that are imple-
mented.

lists),andprocessingservicesthatallow pre-andpost-
processingof �les beingreplicated.

� The goal of the Optimization component(also re-
ferredto astheReplicaOptimizationService(cf. Sec-
tion 3.2) is to minimize �le accesstimesby pointing
accessrequeststo appropriatereplicasandpro-actively
replicatingfrequentlyused�les basedonaccessstatis-
ticsgathered.

� The Security modulemanagesthe requireduserau-
thenticationandauthorization,in particular, issuesper-
taining to whethera useris allowed to create,delete,
read,andwrite a �le.

3.2 Replica Optimization Service

Thegoalof theoptimizationserviceis to selectthebest
replicawith respectto network andstorageaccesslatencies.
In otherwords,if for a given�le several replicasexist, the
optimizationservicedeterminesthe replicathat shouldbe
accessedfrom a givenlocation.Similarly, theoptimization
servicemightalsobeusedto determinethebestlocationfor
new replicas.

The ReplicaOptimizationServiceis implementedas a
light-weightwebservice(calledOptor). It gathersinforma-
tion from theEuropeanDataGrid(EDG) [9] network mon-
itoring serviceandtheCrossGrid[4] CostEstimation(also
referredto as“StorageElementmonitoring”) serviceabout
their network andstorageaccesslatencies. Basedon this
informationOptor takesthedecisionaboutwhich network
link shouldbe usedin orderto minimize the transfertime
betweentwo endpointsasdescribedin [2].
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Apartfrom selectingreplicasandstoragelocationsOptor
alsoprovidesmethodsto retrieveestimated�le accesscosts.
Thesecanbeexploitedby otherGrid services,suchasmeta
schedulerslike the EDG ResourceBroker [10]. Basedon
the informationobtainedby Optor thebroker canschedule
jobsto sitesthatallow ef�cient �le accesswhile maximiz-
ing the overall throughput.Thus,the ReplicaManager, in
particularits optimizationcomponent,assiststheResource
Broker in thejob schedulingprocess.

The interactionof the main componentsof the Replica
ManagerReptoris depictedin Figure2. For this paper, we
aremainly interestedin theinteractionbetweentheReplica
OptimizationServiceandtheSE Monitor/CostEstimation
Service.NotethatOptorprovidesan interfacecalled“get-
SECost”thateitherreceivesinformationfrom SEMonitor
or from SECostEstimator. In our currentmodel,we usea
CostEstimatorasdescribedin thenext section.

Network Monitor

Information Service

Replica Manager Client

Cost Estimtion Service

Storage
Element (SE)

Replica Location/Metadata Service

Replica Optimization Service

SE Monitor/

Figure 2. Interaction of Replica Manager with
other Grid services.

3.3 Access Estimation for Hierarc hical
Storage Systems

In this section,we give detailson a costestimationser-
vice. As mentionedin previoussections,thecostestimation
of the storageaccessis oneof the mostimportantpartsin
the entire replica selectionprocess. However, estimation
strategiesstronglydependon many external factors,espe-
cially on device types,e.g. for HierarchicalStorageMan-
agers(HSM) they aredifferentfrom thosefor disk drives,
or for databasesin comparisonwith estimationfor raw �les.
That fact is very importantdueto the heterogeneityof the
storagesystemsusedin Grid environments.

Sincethe internalorganizationof the storagesystemis
hiddenfrom theestimationserviceclients,thereshouldbe

anadditionallayerselectingthebestestimatorfor a partic-
ular context, i.e. for eachstoragetype thereis a different
estimator. To copewith thatchallengeaComponent-Expert
Architecture(CEA) [6, 8, 7] is proposedwith thegeneral
schemedepictedin Figure 3.
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Component-Exper t Architecture .

The proposedCEA allows building very scalablesys-
temsbasedon independentcomponents,which, similarly
to popularplug-ins,caneasilybe registeredin the system
at any time. Themostpowerful featureof thatarchitecture
is the possibility to transferthe responsibilityof the com-
ponentselection. In the classicalcomponentarchitecture
[19] thecomponentsareselectedby developersduring the
developmentprocessandtheir choiceis compiledinto the
code. In CEA the taskof componentselectionis entrusted
to an additionalmodulecalledRule-BasedExpertSystem
(seeFigure 3). Thatmoduledecideson-the-�y whichcom-
ponentis themostsuitablefor a currentcontext. Thus,the
decisionis taken by a previously preparedsetof rulesand
is basedon thefollowing factors(seeFigure3): thecurrent
context (Call-Environment),aclassi�cationof all registered
componentspreparedpreviously by the developers(Com-
ponentSpecialization)andadditionalinformationavailable
from externalknowledgebases. In practicalimplementa-
tions,e.g. [7], theserules�rst try to eliminateinappropriate
components(components,thatarespecializedfor otherpur-
poses)and�nally choosethebestonefrom all components
ful�lling particularrequirements.The developmentof the
rulesshouldbe basedon practicalexperienceof a human-
expert; during the run-time the knowledgeof the system
canbeextendedby modi�cation of theexternalknowledge
base.
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For the estimationpurposeof the dataaccesscost for
Grid-enabledstorage,CEA is usedas a framework man-
aginga setof estimatorsandtakingover theresponsibility
for theselectionof themostadequateestimator. The esti-
matorsareimplementedasCEA components.They differ
from eachotherby thecomponentspecialization(e.g.,esti-
matorsfor HSMs,disk drives,opticaldevices,etc.) but the
decisionconcerningthe bestestimatoris taken during the
run time of the systemby meansof a previously prepared
ruleset.

Data Access 
Estimator Storage Element 

Common Client 
Library				

< < Library> >

Component-Expert 
Subsystem

ToolsLib
< < Library> >

SOAPCG
< < Library> >

CEComponent Set

RulesSet 

< < Library> >

GridFTP 
Wrapper

GridFTP
Server

Replica Manager 

Figure 4. Component dependencies dia-
gram in the CrossGrid envir onment appl y-
ing a Component-Exper t Architecture . The
“Replica Manager” component refers to the
Replica Optimization Service that acts as a
client of the system.

CEA hasbeenusedin theCrossGrid[5] projectto man-
agethe estimatorsas well as to managedataaccesshan-
dlers. As a result, an extremely �e xible anduni�ed data
accessplatformhasbeendeveloped,whichcaneasilybeex-
pandedby additionalcomponents(plug-ins). Furthermore,
the newly registeredcomponentscan immediatelybe ex-
ploited in the appropriatecontext. In Figure 4 the UML
modelof thedependenciesbetweenthecomponentsrealiz-
ing theCEA in theCrossGridenvironmentis shown.

The'Component-ExpertSubsystem'componentaswell
asthe'RulesSet'and'CEComponentSet' packagesarere-
sponsiblefor the selectionof the mostproperestimatoror
datahandlerdependingon a context (Fig. 4). The 'Stor-
ageElement' componentfunctionsas the externalknowl-
edgeprovider. It provides all preciseinformation on the
currentcon�guration andstateof the storagedevice keep-
ing the particulardataobject (the type of the device, the
device vendorandtheentireinformationimportantfor the
decisionprocess).The�nal decisionis takenby 'RulesSet'
andfurtherprocessedby 'Component-ExpertSubsystem'.

3.4 Sim ulating HSM Access Costs

We estimatetheaccesscostby simulatingtheHSM sys-
tem.WetreattheHSM systemasaGrayBox, whichmeans
that we have someknowledgeabouthow it works inter-
naly. This knowledgeis gatheredby observingthe HSM
systembehaviour aswell as from the availabledocumen-
tation. Basedon this knowledgea simulationmodelof the
HSMsystemhasbeendeveloped.Themodelisbasedonthe
factthattheprocessof servingarequestby theHSM system
goesthroughdifferentstages(waiting,unmounting,mount-
ing, positioning,transferring). The transitionbetweenthe
stagesis speci�ed by thestatetransitiondiagramwhich is
shown in Figure5 andhasbeendescribedin detail in [13].

Waiting

LoadingIn use

Waiting before
move to slot 

Positioning

Waiting before 
move to drive

idle
Move to

slot

Move to
drive

Request
done

Request
arrival

Unmount

Figure 5. State transition diagram for HSM
systems.

Theestimationsystemconsistsof MonitorandSimulator
modules. The Monitor modulecollectsessentialinforma-
tion from theHSM (aboutits currentstate,thequeuestate,
andaboutthe �le which theaccesscostis estimated).The
Simulatormodulesimulatesfuturestatechangesusingthis
informationand the mensionedabove model of the HSM
systemin orderto estimateaccesscostfor the�le.

Thesimulationis eventdriven. At thebegining of sim-
ulation, dependingon the estimationrequestand the cur-
rent stateof the HSM system,oneor more future events,
associatedwith the fact that a certainstagehasjust been
completed,arescheduledandplacedinto an event queue.
The numberof events is equal to the numberof real re-
questsbeingprocessedby thesystemplusonefor theesti-
matedrequest.Thesimulationalgorithmthenpicksthenext
eventfrom theeventqueueandscheduleszeroor onefuture
eventsaccordingto thementionedstatetransitiondiagram.
No eventis scheduledfor a requestthathaspassedthe last
stage(transfering). When the last stagefor the estimated
requestis over, the simulationis stopedandthe simulated
costis returned.

For eachstage,exceptthewaitingstage,thetimeto com-
plete is estimatedby using the appropriatemodel for that
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stage.Thewaiting stagecompletiontime is obtainedauto-
maticallyduringthesimulation.

Theaccuracy of theestimationdependson theaccuracy
of estimationof thetime-to-completefor eachstageexcept
the waiting stage. The main sourceof inaccuracy is the
time-to-completeestimationfor the mounting,positioning
andtransferringstage.

The mounting time dependson the contaminationof
tapesanddrives. It hasbeenobserved that sometimesthe
processof becomingon-line for a tapedrive takes longer
thanspeci�ed. A few yearsago,thesamedriveshadquite
predictablemountingtime. Theestimationmodelassumes
thatthemountingtimeis constantfor thegivenlibrary-drive
pair.

The positioningtime for DLT tapesis estimatedby us-
ing thelow costseekmodelproposedby Sandst	a andMid-
straum[15]. Again,thecontaminationcanin�uence theac-
curacy, by causingmore“recover from error” conditionto
occurincreasingthetime. The�uctuation of datacompres-
sion ratealongthe track alsodecreasesthe accuracy. An-
othersourceis theunpredictableoccurrenceof badblocks
alongthetape.

The transfertime from the removal media to the disk
cachedependsmainly on the �le sizeandthe transferrate
of the tapedrive (we assumethe disk cachehasa higher
rate). The transferrate itself dependson the compression
rateof thestoreddata. Datawith highercompressionrate
have highertransferrate. The ratio of the transferratefor
datawhich is well compressibleto thetransferratefor data
which is not compressibleis usuallyabout2. The load of
CPU andI/O (becauseof many requestsissuedto thesys-
temat thesametime), in turn, cancausethat theeffective
transferrate to decrease.However, this is rarely the case
for well con�gured HSM systems.The currentestimation
modelassumesa constanttransferratefor a given type of
drive.

The accesscostestimationfunction is implementedfor
theLegatoDiskXtenderHSM system.An effort to adoptit
for CASTOR[3] is undergoing.All theseestimatorsareim-
plementedasindependentcomponentscompatiblewith the
Component-ExpertArchitecture, thus they are registered
in the CEComponentSet(seeFigure 3), which ful�ls the
ComponentsContainer(seeFigure 4) role. Thedecisionof
their usageis takenby CEXStogetherwith RuleSet,which
areshown in Figure 4.

4 Implementation Detailsand Discussion

One of the main achievementsof this work is the in-
teroperabilityof servicesandcomponentsprovidedby the
EU DataGridaswell astheEU CrossGridprojects.In the
costestimationarchitecture,themaininteractionis between
the ReplicaOptimizationServiceand the Cost Estimator,

wheretheformeractsasa clientof thelater.
In orderto allow for an easyinteroperabilityof theser-

vices,bothservices(ReplicaOptimizationServiceandCost
EstimationService)usewebservicetechnologiesandcom-
municationvia SOAP. The main interfaceis throughthe
method“getSECost”wheretheReplicaOptimizerrequests
theaccesscostof certain�les locatedonaStorageElement.
In more detail, the ReplicaManager(the top level entry
point for anend-useraspointedout in Figure1) providesa
client interface“listBestFile” andinteractswith theReplica
Optimizationservicefor obtainingthe transfercostsof a
given�le.

The ReplicaOptimizationServiceis implementedasa
Java web servicebasedon a Tomcatservletcontainerand
AXIS SOAP for client-server communication. Thus, the
ReplicaManagerclientcommunicatesthroughAXIS SOAP
with theReplicaOptimizationService.All theseelements
area part of the replicationframework. Next, the Replica
OptimizationServicecallstheCostEstimationServicethat
is implementedin C++ usinggSOAP for client-servercom-
munication.

For simplicity, we createda commandline interfacefor
theReplicaOptimizationServicewherewecandirectly in-
voke the getSECostmethod. An exampleis given below
whereweaskfor accesscostsof a1GB�le onagivenStor-
ageElement.

./edg-replica-optimization getSECost \
-s http://zeus07.cyf-kr.edu.pl:18001 \
-f pfn://zeus07.cyf-kr.edu.pl/f1GB.dat \
-h lxshare0343.cern.ch

Result:
SE cost: 1367.0 [sec]

The resultsare given in secondsand thus one can see
theestimatedaccesstimereturnedfrom theCostEstimator.
Internally, the ReplicaOptimizationServicethenaddsthe
network costsfor thegiven�les andcanthusdeterminethe
entireaccesslatency for a given�le (accordingto Equation
2).

5 Experimental Results

In thefollowing sectionweprovideexperimentalresults
of the replica selectionprocessthat is basedon the in-
teractionof the ReplicaOptimizationServiceand the SE
Cost Estimationservice. In more detail, a ReplicaOpti-
mization Serviceis deployed at CERN (Switzerland)and
interactswith three different storagesystemslocated in
CYFRONET-AGH (Poland).

Thecostestimationexperimentshavebeenperformedon
threeStorageElements(SEs)- SE1, SE2, SE3 - keepinga
setof �les, f10KB.dat,f100KB.dat,f1MB.dat, f10MB.dat,
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f100MB.dat, f1GB.dat, with different sizes. These�le-
namesalso correspondto logical �le names(LFN). Fur-
thermore,for eachof the LFNs, identical replicasexist at
differentstoragesystems.Themain goal is to identify the
optimalstoragelocation(“best�le”) for agivenLFN.

EachSEis con�gureddifferently(cf. Table1). Storage
SE1 hasonly disk drives,storageSE2 hasdisk drivesand
connectionsvia FTPlink to theHSM systemcontrolledby
anexternalmachine.The laststorageSE3 is connectedto
anotherHSM systemvia a NFSlink. Thetypesof thelinks
are importantin the estimationprocessdue to differences
in transferperformance(e.g. NFS is signi�cantly slower
thanFTP).The locationof thereplicated�les (fxxxxx.dat)
in thesethreemachinesis presentedin Table 1: �les are
partially replicatedto thethreeexistingSEs.

SE1 SE2 SE3
f10KB.dat disk n/a HSM cache
f100KB.dat disk n/a HSM cache
f1MB.dat n/a HSM tape n/a
f10MB.dat n/a disk n/a
f100MB.dat disk HSM cache HSM tape

f1GB.dat n/a HSM tape n/a

Table 1. File location in respective Stora ge El-
ements

The experimentwasaimedto verify the correctnessof
theintegratedDataGridReplicaManager(Reptor)with the
CrossGriduni�ed accesscostestimationfacilities. In more
detail,thecostfunctionin Equation1 is appliedwhereonly
the storagecost is minimized, i.e the network cost is ne-
glectedin theexperimentshere.TheReplicaManagercan
thenanswerthe question“listBestFile(LFN, relative loca-
tion)” whereit returnsthe locationof the replicawith the
minimalaccesscostrelative to a givenlocation.

Giventhereplicasin Table1, theobtainedreplicaselec-
tion decisionsof Reptorare shown in Table2. Thus, for
eachof the6 LFNs,the“best” �les arelisted.For example,
for theLFN f100MB.datthebestlocationis SE2.

Oneof themostimportantstepsin theReplicaManager
decisionprocessis to evaluatethe realdataaccesscoston
theSE.Theobtainedaccesscostestimationsof our exper-
imentsand comparisonwith the reality are shown in Ta-
ble 3 (performedpreviously testsfor theLegatoDiskXten-
derHSM system,whicharediscusedin detailin [13], show
that theexactestimationof theHSM systemaccesscostis
dif�cult andsometimeserrorscanexceed20%; the reason
of this is shortlydiscusedin 3.4section).Sinceall Storage
Elementsare locatedin the samelocal areanetwork, the
network cost for all of thesestorageelementsis the same
andcanbeignoredhere.Therefore,thedecisionstakenby

SE1 SE2 SE3
f10KB.dat thebest n/a
f100KB.dat thebest n/a
f1MB.dat n/a thebest n/a
f10MB.dat n/a thebest n/a
f100MB.dat thebest

f1GB.dat n/a thebest n/a

Table 2. Decision taken by the Replica Man-
ager based on the estimated access

the ReplicaManagerare in accordancewith the costesti-
mationsgiven by the CostEstimationservice. Moreover,
comparingtherealvaluesshown in Table3 with thereplica
selectiondecisionstaken by Reptor(seeTable2), demon-
stratesthat thesedecisionshave beencorrectandthe cost
estimationswork properly.

SE1 SE2 SE3
f10KB.dat 1 / 1 (0) n/a 1 / 1 (0)
f100KB.dat 1 / 1 (0) n/a 1 / 1 (0)
f1MB.dat n/a 201/ 277(27) n/a
f10MB.dat n/a 1 / 1 (0) n/a
f100MB.dat 8 / 8 (0) 10 / 9 (11) 627/ 802(22)

f1GB.dat n/a 5478/ 5935(7) n/a

Table 3. Estimated/Real access cost in sec-
onds rounded up (Estimated Error in %)

6 RelatedWork

Replicaselectionis a rathernew �eld in Grid research
but haslongertraditionsin the Internetcommunity. Thus,
mostwide areareplicaresearchfocuseson network-based
replica selection. For example, the Earth ScienceGrid
(ESG)[1] usesa network bandwidthfor replicaselection.
However, our pastexperiencewith DataGrids hasshown
that massstoragesystemsare often the bottleneckrather
thannetwork links dueto thepossiblelargerangeof access
latenciesof tapesystems.

TheStorageResourceBroker (SRB)[14] takesasimilar
approachaswedoandcurrentlyusesstoragelatency rather
thannetwork bandwidthasthemaincriteria for replicase-
lection.Thus,adisk-storedreplicawill beaccessed�rst be-
foretrying areplicain adatabaseand�nally trying areplica
in anarchival storagesystem.If morethanonereplicais in
the samelatency category, SRB tries the one that is local
beforetrying a remotecopy.
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In StorageResourceManagers(SRM) [17] (a uniform
interfacefor secondaryandtertiarystoragesystems)theno-
tion of replicaselectionis currentlynot introduced.SRM
provides an important interface for Grid storagesystems
andis currentlyimplementedby severalprojectswithin the
Grid community.

Furtherrelatedwork on optimizationand performance
modelingof tertiary storagesystemscanbe found in [16]
and[11].

7 Conclusions

In this paperwe introducedthereplicaselectionprocess
of theEU DataGridReplicaManagerbasedon storageac-
cessestimationsfrom a systemdevelopedwithin the EU
CrossGrid. We discussedthe architectureof the Replica
Managerandtheestimationfunctionfor auni�ed Grid stor-
agesystemwhich canbe a disk subsystemor a Hierarchi-
cal StorageManagerwith taperobots.We carriedout a set
of benchmarksfor estimatingthe accesstimesof �les lo-
catedatdifferentlevelsin thestoragehierarchy. Theresults
demonstratethat theestimatesprovide a goodbasisfor the
ReplicaManagerto make ef�cient replica selectiondeci-
sions.

In thefuturewe will extentour storageaccessestimator
to work alsowith othermassstoragesystemssuchasCastor
[3].
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